When amino acid sequences are distantly related-for instance, when their identity is <0.30-it is difficult to estimate their evolutionary distance. A method called the "similarity distance method" (SD method) was developed to obtain maximum-likelihood estimates of evolutionary distance between amino acid sequences, on the basis of a given pattern of amino acid replacement.
Introduction
There are now many reported kinds of motifs: sequence patterns of amino acids commonly found in functionally related proteins, e.g., RNPl (Dreyfuss et al. 1988) in RNA-binding proteins, P-loop (Walker et al. I982 ) in ATP-and GTP-binding proteins, and zinc finger (Miller et al. 1985) in DNA-binding proteins. In addition to a high level of conservation of short stretches of a sequence, the related proteins often have weak similarities in the neighboring regions in the primary structures of the proteins. It is thought that the regions, together with the highly conserved portion, form a structural or functional domain and that functionally related proteins share the domain, rather than just the motif, through exon shuffling (Doolittle 1985; Gilbert 1985; Go 1985) .
To elucidate the evolutionary history of domain arrangement in a protein, it is important to investigate the genealogy of each domain. It is also important to study the genealogy of the domain that is responsible for function in the protein, in order to reveal the functional evolution of the protein. However, it is generally difficult to construct a reliable domain tree, because, in most cases, the domain is a short sequence of < 100 amino acids and has low sequence identity with domains Key words: evolutionary distance, amino acid sequence, domain, maximum likelihood, computer simulation. in different proteins. Such short length and low identity drastically reduce the reliability of a domain tree.
Some tree-making methods use distance-matrix methods, which construct a tree by using evolutionary distances among operational taxonomic units ( OTUs) (Nei 1987, p. 293) . Reliability of a tree constructed with the distance-matrix method depends on the accuracy of evolutionary distances used, as well as on the performance of the tree-making method itself. The short length and low identity of domain sequences are often beyond the limit of application for existing methods of computing accurate evolutionary distances, which reduces reliability. If we can obtain more accurate distances from such sequences, however, we will, accordingly, have a more reliable tree.
Here I present a method for obtaining the maximum-likelihood estimate of evolutionary distance between amino acid sequences. The new method has two advantages in obtaining accurate distance between sequences with short length and low identity. One advantage is that the method estimates distance on the basis of a given pattern of amino acid replacement, i.e., given rates of replacement for respective pairs of amino acids. In the course of evolution, most amino acid replacements have occurred so as to conserve the tertiary structure of a protein. Replacements to physicochemically similar amino acids consequently occur much frequently than do those to dissimilar amino acids. It has already been shown empirically that each evolutionary rate of replacement between a pair of amino acids is considerably different ( Dayhoff et al. 1978 ) . The new method can take into account such a pattern of amino acid re-
The maximum-likelihood estimate of evolutionary displacement, in estimating evolutionary distance. tance d is The other advantage is that the method can distinguish nonidentical sites according to their evolutionary similarity, as well as distinguish identical sites from nonidentical sites. It is important to get information from nonidentical sites of sequences with low identity, because most of the sites are nonidentical in such sequences. Since the new method estimates evolutionary distance by taking account of the degree of similarity between sequences, I have designated it the "similarity distance method" ( SD method).
where k is the average rate of replacement per site, which is given by
Results

Algorithm
The Markov model and independency in different sites are assumed in the evolutionary process of amino acid sequences. Log likelihood for a pair of sequences is then given by a function oft, a time interval between two sequences, as follows:
where R, is a component of transition-rate matrix R. When two sequences are quite different, the estimate of d for the sequences is sometimes extraordinary large. It is difficult to obtain such an estimate accurately, because the likelihood curve that gives a large estimate of d is usually very flat around the maximum point. Thus I did not obtain evolutionary distances when the estimate of d was > 10.
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where n is the number of sites, i and j are amino acids at a homologous site m of two sequences respectively, JC~ is the frequency of amino acid i arbitrarily provided, and PG( t) is the transition probability from i to j in a time interval t. The transition-probability matrix P(t) is given by
where R is the transition-rate matrix, which is provided a priori. While the values of R can be directly provided, they can also be derived from a matrix of transition probabilities in a short time interval, M (for detailed procedures, see formulas [ 4]-[ 81 in Kishino et al. 1990 ). Formula ( 1) thus requires a composition of 20 amino acids z and a matrix of transition probabilities in a short time interval M to compute the log likelihood for a certain pair of amino acid sequences.
I have employed Dayhoff et al.'s ( 1978, table 22 and fig. 82 ) empirical values for n and M.
To examine the efficiency of the SD method in estimating evolutionary distances from amino acid sequences with short length and low identity, I conducted a computer simulation.
First, a sequence of 50 amino acids was generated by assuming that each site takes 1 of 20 amino acids according to the frequencies of Dayhoff et al. ( 1978, table 22) . The sequence was then duplicated, and each site of both sequences experienced replacements of 6/ 2 times, on average, using the mutation probability matrix for 1 PAM ( 1978, fig. 82 ). These procedures were repeated to generate 500 pairs of sequences for each of 6 = 1.0, 2.5, and 3.5. Figure 1 shows the distributions of identities among 500 pairs for the 6 values. The averages of identities were 0.43, 0.19, and 0.14 for 6 = 1 .O, 2.5, and 3.5, respectively, almost the same as the expected values.
The maximum-likelihood estimate oft is obtained through the approximation algorithm incorporating Newton's method (Fukami and Tateno 1989) . I confirmed numerically, using different initial values and examining likelihood curves for a number of pairs of amino acid sequences, that there was only one maximal point in a likelihood curve, at least in the realistic region of definition, that could be used as an evolutionary distance.
With the generated pairs of sequences, evolutionary distances were estimated by SD. Evolutionary distances were also computed by using the following three methods, for comparison of their efficiencies with that of the SD method: ( 1) the method assuming Poisson's law (PL) in amino acid substitution (Zuckerkandl and Pauling 1965 ) ; evolutionary distance of a pair of sequences with amino acid difference p ( = 1 -identity) is given by
(2) the method using Kimura's ( 1983, p. 75) empirical formula (ICE); that is, d= -ln( l-p-$'); (6) and (3) the method using the correspondence between the number of amino acid replacements .and the expected identity of amino acid sequences. Correspondence was computed by multiplying the mutation-probability matrix for 1 PAM, of Dayhoff et al., which is the same matrix used in SD.
The results of the estimation are shown in figure 2. The method assuming PL underestimated the distances in general. In the cases of SD, KE, and the correspondence computed from the matrix of Dayhoff et al. (Dayhoff's relationship [ DR] ), the averages of the estimations were roughly the same as the expected values. The averages and the standard deviations were 0.85 f 0.16 Evolutionary Distance between Amino Acid Sequences 101 (PL), 1.02 -t 0.21 (SD), 1.03 + 0.25 (KE), and 1.03 + 0.25 (DR) when 6 = 1 .O and were 2.06 + 0.40 (PL), 3.72 + 1.04 (SD), and 3.84 k 1.38 (DR) when 6 = 3.5. These are reasonable results, because the mutationprobability matrix of Dayhoff et al. was assumed in both cases of SD and DR, and KE was designed to approximate DR. The standard deviations of estimated evolutionary distances in the SD cases are, however, smaller than those in the KE and DR cases. The differences of distribution apparently were due to whether similarity on nonidentical sites was considered. It has been shown that the formula is valid for amino acid difference ( 1 -identity) up to -0.7 (Kimura 1983, p. 75) . In the present simulation, most of the 500 pairs had identities ~0.3, in the 6 = 2.5 (470/ 500) and 6 = 3.5 (495 / 500) cases. Moreover, the formula cannot compute an evolutionary distance when identity between a pair of sequences is ~0.146. The numbers of such pairs were as large as 117 for 6 = 2.5 and were as large as 305 for 6 = 3.5. Thus I did not show in figure 2 the results of KE for 6 = 2.5 and 3.5.
When DR is used, evolutionary distance cannot be obtained for sequences with identity co.060 1, because such low identity does not correspond to any number of amino acid replacements in DR. The numbers of pairs where distance was not obtained in the DR case were 6 for 6 = 2.5 and 40 for 6 = 3.5. In the case of SD for 6 = 3.5, evolutionary distance was not obtained in eight pairs of sequences, because their estimates were > 10. Each number of pairs where distance was not obtained is shown by a column marked with a dagger in the histogram in figure 2. After exclusion of these pairs, the averages and the standard deviations described above were computed.
In the PL cases, estimates can be obtained for any value of identity.
The results of the computer simulation show that SD could estimate evolutionary distance efficiently enough even when 6 = 3.5 was used in the simulation. The results also suggest that SD is efficient for actual amino acid sequences of 50 residues that have either experienced as many as 3.5 replacements per site or identity as low as 0.14, if the replacement pattern of the sequences is the same as the matrix of Dayhoff et al. The actual pattern of amino acid replacement should, however, deviate from that of Dayhoff et al. To examine how robust the SD method is against a different replacement pattern, I conducted a series of computer simulations by using another mutation-probability matrix, which was derived from the accepted point-mutation matrix constructed by Go and Miyazawa ( 1980) . The accepted point-mutation matrix was compiled from only a few proteins whose three-dimensional structure had been revealed at that time. Although the data were clas- fig. 1 . The sequence length is 50. The estimation was carried out using SD, PL, KE, and DR. The results of KE for 6 = 2.5 and 3.5 are not shown because identities of a substantial number of sequence pairs were ~0.146, the limit of application for this formula. The expected value (6) and the average of the evolutionary distances are indicated by an arrow (t) and a wedge (A), respectively. The column marked with a dagger shows the number of pairs where either the distance was not obtained because identities of the pairs were ~0.060 1 (in the case of DR) or the estimated distance is > 10 (in the cases of SD). The averages were computed after such pairs were excluded. sified into the interior and exterior of the protein in the original matrices, I summed up those data to obtain a mutation-probability matrix and amino acid composition.
Using the matrix and the composition, I generated pairs of amino acid sequences in the same way as in the former simulation, and the sequences were used for comparison of the efficiencies of the four methods. In this series of simulation, the replacement pattern deviated from the matrix of Dayhoff et al., i.e., the pattern assumed in SD. SD still estimated a more accurate distance than did the other methods, although the performance was somewhat reduced. The averages and the standard deviations of the estimations were 0.8 1 f 0.15, 1.70 + 0.32, and 2.19 2 0.44, for 6 = 1.0, 2.5, and 3.5, respectively. On the other hand, those values were 0.73 + 0.15, 1.31 + 0.24, and 1.54 + 0.29, respectively, in the PL cases and 0.86 + 0.2 1, 1.83 + 0.53, and 2.39 * 0.8 1, respectively, in the DR cases. The averages of estimates in the SD and DR cases were better than those in the PL case, which is due to the fact that the probability model used in the simulation is closer to that of Dayhoff et al. than is the model assumed in the PL cases. The standard deviations in the SD cases were smaller than those in the DR case, probably because amino acid similarity is taken into account in SD. Since the actual process of protein evolution should also be closer to the probability model of Dayhoff et al. than to that in the PL cases, SD should obtain more accurate estimates with any protein.
Efficiency for Obtaining the Correct Tree
Evolutionary distance estimated by SD, which was shown to be more accurate than that obtained with other methods, is expected to bring out the correct phylogenetic tree more efficiently. I examined the relative efficiencies of methods for estimating evolutionary distance in obtaining the correct tree, using computer simulation. An ancestral sequence of 100 amino acids was generated in the same way as described in the preceding section.
Then, amino acid replacements were introduced into No. of the sequence along the model tree shown in figure 3, replications using the mutation-probability matrix for 1 PAM of figure 3 . In the cases of DR, four matrices for a = 0. I5 could not be obtained when n = 100, and one matrix for a = 0.10 and 48 matrices for a = 0.15 could not be obtained when n = 50, because of low ( ~0.0601) identity. I confirmed that none of the distance matrices contained a distance > 10 in the case of SD.
The numbers of replications where the correct topology was obtained are summarized in figure 4 . The numbers for SD were larger than those for the other methods, for all values of a, especially for a = 0.10 and a = 0.15. For instance, when a = 0.15 and n = 50, the number of trees with the correct topology was 102, 25, and 48 in the SD, PL, and DR cases, respectively. Similar results were obtained when the mutation-probability matrix made from the data of Go and Miyazawa was used for amino acid replacement in the simulation experiment.
In the series of simulations, when a = 0.15 and n = 50, the number of trees with the correct topology was 68, 21, and 35 in the SD, PL, and DR cases, respectively.
Numerical
Example fig. 3 , distance matrices were computed by SD, PL, KE, and DR, and phylogenetic trees were constructed by NJ (Saitou and Nei 1987) . a is the parameter of the model tree (see fig. 3 ), and n is the length of amino acid sequence. A total of 500 replications were examined for respective values of a and n. Results of KE were not compared with those of the other methods, in the case of a = 0.15 when n = 100 and in the cases of a = 0.10 and 0.15 when n = 50, because distance matrix could not be computed for many replications in these cases, Oka et al. ( 1992) to the branch length; i.e., expected number of replacements along a Table 1 shows identities and evolutionary distances branch. Values of a = 0.05, 0.10, and 0.15 were used for the tree.
between the EGF-like motif of mouse EGF-precursor and those of the other proteins. In addition to using SD, I computed the distances by using PL and DR. I also computed distances by using KE between motifs whose identity was >0.3. The estimates obtained with DR were much smaller than those obtained with SD, contrary to the results in the computer simulation.
This underestimation is due to an abundance of conserved cysteine residues, characteristic of EGF-like motifs, which increases identities among the motifs to an excessive degree, in comparison with their similarities. Because the identity between mouse EGF-precursor and bovine FX was equal to that between the EGF-precursor and Drosophila Notch, the distances of the two pairs were the same in the case of PL and DR. On the other hand, the distances of the pairs differed in the case of SD.
Discussion
The maximum-likelihood approach for estimating a pairwise distance matrix has also been presented by Thorne and Kishino ( 1992) ) although their main purpose was alignment.
While SD requires a multiple-sequence alignment of amino acid sequences, their method estimates the maximum-likelihood alignment between two amino acid sequences from which the method obtains a pairwise evolutionary distance. The alignment is objectively estimated, which is one of the merits of their method. As far as analysis of domain sequences is concerned, however, the approach using multiple-sequence alignment seems more practical than does pairwise alignment.
Since domain sequences are often distantly related as a whole, a conservative sequence motif of a domain is a good footing for an alignment with high quality. By aligning multiple sequences, we can efficiently incorporate information of the sequence motif into domain alignment.
The performance of SD is dependent on the quality of an alignment used. When domain sequences are aligned, ambiguity of alignment sometimes becomes a serious problem. To reduce ambiguity, the alignment used for tree making should be examined sufficiently against not only sequence similarity but also information such as active sites or tertiary structure of proteins, if available. Feng et al. ( 1985) constructed phylogenetic trees by using difference scores transformed from alignment scores. Using scores that were set up according to the similarity of each pair of amino acids, they constructed trees by taking account of the similarity of amino acids. The scores that they used, however, are fixed at a certain value, regardless of the relationship between the two sequences. In protein evolution, on the contrary, replacement to a dissimilar amino acid rarely occurs in an evolutionarily short time, whereas it occurs often during an extended period of time. It is therefore preferable to use scores according to the relationship between two sequences, in obtaining evolutionary distance of the sequences. Since the transitional probability PC< t) is deIn applying SD to EGF-like motifs, I used the empendent on t, SD consequently uses such scores. pirical values proposed by Dayhoff et al. ( 1978) for the We usually have several insertion and/or deletion sites in an alignment of domain sequences. SD as presented here cannot deal with such sites, although insertion and/or deletion sites should be informative in estimating evolutionary distance. Incorporation of insertion and/or deletion events into the probability model will bring great improvement to SD.
The maximum-likelihood method has already been incorporated into tree construction, by Kishino et al. ( 1990) . In their approach, a phylogenetic tree is directly estimated from an alignment of amino acid sequences, without going through evolutionary distances. Their approach is straightforward in tree estimation and makes full use of information from multiple-sequence alignments. Since SD used information from only two of the sequences at a time, it loses a certain amount of information from multiple-sequence alignment, compared with the approach of Kishino et al. However, their approach requires huge computations for the estimation. Thus their approach is practically applicable only to a tree for a limited number of sequences. On the other hand, SD requires far less computation to obtain a distance matrix from the same sequences. By combining SD with a distance-matrix method, we can practically construct a phylogenetic tree for a large number of sequences that takes into account the pattern of amino acid replacements.
Evolutionary Distance between Amino Acid Sequences 105 probability model of SD, because the model is one of the models closest to the actual evolutionary process of amino acid replacement.
The maximum-likelihood method experiences better performance when its probability model is closer to the evolutionary process of the amino acid sequences in question ( Fukami-Kobayashi and Tateno 199 1). If we have a better probability model for specific amino acid sequences, we can use it for the estimation of evolutionary distance. For sequences with biased amino acid composition, the composition of the sequences may give better estimates than does the composition averaged from many proteins. It is technically easy to modify SD for an elaborated probability model. For example, we can assume either different evolutionary rates or different replacement patterns for each site of sequences. It is generally difficult, however, to construct a probability model of a replacement pattern for a specific domain. Concerning the pattern of amino acid replacements, we should take a conservative path; we should use a standard pattern such as the matrix of Dayhoff et al., which is simple and is grounded in a large amount of empirical data, unless we do not have strong support for an alternative model.
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